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Abstract

Governments in low-income countries have progressively introduced electronic tax filing
and payment systems in the hope of reducing enforcement costs for tax administrations,
compliance costs for taxpayers, and the risk of collusive in-person interactions between
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these technologies mandatory for large taxpayers in Senegal. Our findings indicate no—or
only limited—effects on key measures of tax compliance, such as the probability of declaring,
the probability of paying, or tax payments. However, e-filing reduces the prevalence of
missing values by more than 90 per cent, with notable measurement implications. In
particular, we show that aggregate formal employment is at least 20 per cent greater than
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1. Introduction

Efficient institutions are widely regarded as central pillars of economic development. In this

regard, the accelerating production and global diffusion of information technologies has the

potential to enhance the performance of public administrations in low-income countries (LICs),

and thus contribute to their convergence toward higher living standards. In recent decades,

LICs have heavily invested in the adoption of information technology infrastructure1 and

services, including online platforms for declaring taxes electronically (e-filing) and paying

taxes electronically (e-payment).2 In contexts where domestic revenues remain insufficient to

adequately finance essential public goods (OCDE, 2022), such tools are expected to contribute

to higher tax revenues.

The expectations regarding e-filing and e-payment rest on several mechanisms. First, these

technologies may reduce enforcement costs for tax administrations by reducing paperwork and

the cost of accessing information from taxpayers. Second, they should reduce compliance costs

for the taxpayers at least by saving them transportation costs. Third, by minimising in-person

interactions between taxpayers and tax officials, they may limit opportunities for collusion

or extortion. However, these impacts may not translate into improved compliance. On the

taxpayers’ side, cost reductions may be allocated to purposes other than better complying with

taxes. Administrations may decide to allocate newly available resources to functions that are

not related to enforcement. The impact of reduced in-person interactions depends on the

prevalence of collusive practices ex-ante (Okunogbe and Pouliquen, 2022) and on how binding

the technology is. Therefore, the effect of electronic taxation on tax compliance remains an

empirical question.

This article provides causal evidence on the impact of the joint adoption of e-filing and e-

payment in Senegal. This technology (Etax) was made mandatory by ministerial decree in

1See GovTech Maturity Index (GTMI) Data Dashboard, (accessed 6 March 2026).
2As of 2016, 32 per cent of LICs had adopted e-filing (World Bank, 2016)
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July 2017 for all taxpayers monitored by the Large Taxpayers Centre (LTC). By January 2018,

approximately 80 per cent of targeted taxpayers had registered on and were using the plat-

form. Using newly collected administrative data from three monthly taxes—value-added tax

(VAT), withholding tax on wages (or "Pay As You Earn" taxes (PAYE)), and withholding tax

on service suppliers (WTS)—combined with a dynamic difference-in-differences design, we

exploit exogenous variation in technology adoption generated by the reform to estimate its

causal impact on multiple indicators of tax compliance. To improve the comparability across

groups, we restrict the control group to the largest taxpayers outside the LTU. While our setting

presents some identification challenges, it has great external validity, as it closely mirrors the

way tax administrations typically deploy new IT systems: by starting with the largest, most

closely monitored taxpayers and gradually expanding to smaller firms (Ali et al., 2015). Our

main specification uses a strictly balanced panel of 1,400 taxpayers observed monthly over the

period 2017–2019. We impose balance to avoid confounding real effects with compositional

changes.

Our main result is a sharp and highly persistent decline of approximately 6-7 percentage points

in the probability that a tax declaration has a missing value. Relative to pre-reform average, this

represents a 90 per cent decrease. We interpret this effect as a change in the data-production

process rather than in taxpayer behaviour. Prior to e-filing, declarations were submitted on

paper and digitised by data-entry agents, who had limited incentives to complete all fields not

strictly required to compute tax liability. By allowing taxpayers to enter information directly

into the system, e-filing eliminates these omissions and mechanically reduces the prevalence of

missing values. We show that this improvement has important measurement implications. In

particular, the field ‘number of employees’ in monthly PAYE declarations becomes substantially

more complete. As a result, the average number of employees reported by treated firms increases

immediately by more than 40 workers per firm on average. This represents a 33 per cent rise

relative to the pre-reform level. The magnitude of this increase alone accounts for roughly

two-thirds of the sudden 30 per cent rise in aggregate formal employment observed at the
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national level between September and December 2017. Altogether, this implies that, because

of missing values, aggregate formal employment was underestimated by at least 20 per cent

before the adoption of e-filing.

We find limited or insignificant results on other margins of compliance. We document a

short-lived decline of 2–3 percentage points in the probability of declaring immediately after

adoption. This is probably a result of transition costs faced both by taxpayers adjusting to

a new technology and by the tax administration rapidly registering a large number of firms

and adapting established manual procedures. We also find no clear evidence that the reform

increased tax collection. Tax payments did not increase at the extensive margin. At the intensive

margin, we do observe an upward trend, but i) the magnitude of this increase is not sufficient

to rule out underlying time trends ii) we show that at least 30 per cent of the observed increase

in tax payments among treated firms can be accounted for by improvements in the digital

recording of payments, rather than by genuine increases in tax collection.

This paper contributes to the still scarce literature on the role of e-filing and e-payment technol-

ogy on taxation in LICs (Okunogbe and Santoro, 2023). To our knowledge, there exist only

three studies exploring the causal impact of e-filing and e-payment on tax compliance with a

counterfactual method in a low/middle income country (Jouste, Nalukwago, and Waiswa, 2021

in Uganda, Okunogbe and Pouliquen, 2022 for Tajikistan, Santoro, Amine, and Magongo, 2024

for Eswatini). Our study differs from the latter primarily in that it investigates the behaviour of

the largest taxpayers. These taxpayers are by far the most strategic sub-sample of taxpayers

when considering total tax revenue (Milanez, 2017, Slemrod and Velayudhan, 2018). Our study

therefore speaks more directly to the aggregate implications of adopting such technologies than

do previous studies. Second, our use of high-frequency monthly data allows us to precisely and

more credibly document the evolution of treatment impact in the short and mid-term.

Overall, our evidence suggests that the adoption of e-taxation has no—or only limited—effects

on tax compliance in the short to medium term. Our findings illustrate that the expected
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returns to technology adoption by government institutions may not materialise immediately,

even in contexts where adoption is mandatory. One plausible explanation for the absence

of detectable effects is that the policy was implemented exclusively among large taxpayers,

who tend to be more compliant ex ante than smaller firms (Almunia and Lopez-Rodriguez,

2018, Bachas, Jaef, and Jensen, 2019). But, since large taxpayers typically account for most

tax revenue, our findings imply that the adoption of these technologies is unlikely to produce

large aggregate revenue gains, at least in the short- to medium-term. On the other hand,

we show that e-taxation can substantially improve the quality of microdata produced by tax

administrations. In particular, our results indicate that, in the absence of online taxation, key

statistics such as aggregate formal employment can be significantly underestimated. This finding

is especially relevant for low-income countries, where weak statistical capacity systematically

undermines governments’ ability to identify problems and design effective public policies. From

a methodological standpoint, our results also offer a cautionary note for the growing body of

academic research that relies on administrative data from countries that are undergoing digital

transformation.

The rest of the paper is structured as follows: section 2 documents the context; section 3

specifies our assumptions on taxpayers and administrators’ behaviour as well as the main

expected channels; section 4 describes our data and empirical strategy; section 5 discusses the

results; and section 6 concludes.

2. Institutional Context

The Senegalese Tax Administration (DGID) directly monitors about 30,000 taxpayers (mostly

firms) distributed across 20 tax centres according to business size, sector, and location. Taxpayers

with a turnover exceeding USD 3,200,000 for three consecutive years are managed by the large

taxpayers centre (LTC), irrespective of their headquarters’ location. Smaller taxpayers operating

in Dakar are distributed across two medium-sized taxpayers centres (MTC1, MTC2), one unit
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for firms operating in regulated sectors (RSC) and seven municipal tax centres.3 The rest of the

taxpayers are spread across regional centres.

In late 2016, the DGID started implementing and testing new digital software (Etax) allowing

taxpayers to declare online (e-filing) and pay online (e-payment). The 36 largest taxpayers

were progressively onboarded during this pilot phase, and in July 2017 the Senegalese Minister

of Economy and Finance released a decree making it mandatory for all taxpayers monitored by

the LTC to use Etax. The adoption of Etax was subsequently encouraged among taxpayers from

other centres (MTC1, MTC2 and RSC), but with limited take-up. Before the adoption of Etax

at the LTC, tax declarations were submitted in paper format, mostly by taxpayers themselves

and not by mail, and then digitised into the system by data-entry agents. Taxpayers would also

have to come to their tax centre in order to pay (mostly in cash or checks). The reform thus had

multiple official objectives: i) to spare taxpayers the cost of moving to their centre to declare

and/or pay, ii) to spare the administration the cost of handling all paper declarations, and iii) to

improve the quality of the information by removing mistakes introduced by data-entry agents.

E-filing through Etax mimics a paper declaration as closely as possible: only identification

information is pre-filled, and inconsistencies as well as missing values are allowed and not

automatically flagged. There is no automatic reminder for missing declarations. With a few

minor exceptions, all types of taxes can be declared through Etax. Tax liabilities are automatically

computed by the system based on the information reported by the taxpayer. If a taxpayer realises

they have made a mistake, they must submit a correction request which is then handled by the

tax centre. Taxpayers can consult their data at all times. E-payment occurs through the banking

system.

3Regulated sectors are medical and legal professions, accountants, architects, state agencies and NGOs. Firms
within the MTC1 (MTC2) have a turnover between USD 1,600,000 and USD 3,200,000 (USD 800,000 and USD
1,600,000). Sector prevails over size for fiscal assignment. Dakar’s seven municipal centres are Dakar-Plateau,
Ngor-Almadies, Parcelles Assainies, Dakar Liberté, Grand Dakar, Pikine-Guédiawaye and Rufisque.
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3. Assumptions and Expected Impacts

General assumptions In accordance with the classic deterrence model for tax evasion first

developed by Allingham and Sandmo, 1972 as well as a large corpus of empirical literature

(see Luttmer and Singhal, 2014 and Slemrod, 2019), we assume that taxpayers mostly act as

free-riders. In other words, in the absence of any risk associated with tax evasion, economic

actors would simply not pay taxes. In addition, following a rich corpus of work that builds from

the seminal work of Weber, 1922, we assume that the principal-agent model is an adequate

framework to reflect on the behaviour of bureaucrats. Here, the principal will typically be a

higher-tier bureaucrat, and the agents will be civil servants under their supervision, in charge

of performing tasks contributing to tax collection, the final objective of the tax administration.4

Expected impacts: We list here what we identify as the three main channels through which e-

filing and e-payment can affect tax compliance. We formulate hypotheses on their effects, based

on our understanding of the context, the technology’s specifics, and the general assumptions set

out above. The objective of this section is to explain more precisely why and how the mandatory

adoption of e-taxation by the largest taxpayers in Senegal could impact their compliance, but

we must stress that the available data does not allow us to disentangle each mechanism.

First channel - reduction of compliance costs: The possibility of declaring and paying online allows

taxpayers to save travel costs. According to the free-rider taxpayers model, this should increase

the probability of declaring or paying only for taxpayers who, ex-ante, were not compliant

because of travel costs. However, in the specific setting of this study, where the treated taxpayers

are the largest firms of the country, it is reasonable to assume that travel costs would not be such

a binding constraint. We therefore assume that this channel should play little role in explaining

ex-post variation in compliance.

Second channel - reduction of enforcement costs: Before the introduction of Etax, all declarations

4See Besley et al., 2022 for a formal exposition of this general model.
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were submitted in paper format (see section 2). The dramatic reduction in the cost of processing

tax declarations has two main implications.

1. Information becomes more reliable. E-filing indeed eliminates mistakes introduced during

data-entry of paper format declarations. In addition, under e-filing, a missing declaration

straightforwardly indicates that the taxpayers failed to declare, while, before e-filing, it

could have been lost (or not yet digitised). Better information facilitates tax collectors’

job, which could translate into improved compliance.

2. E-filing inevitably frees up some time for agents who previously worked on paper pro-

cessing. Such a gain will inevitably be observed by these agents’ principals, and we

should expect the agents to be given new tasks. However, the impact on tax compliance

is ambiguous, as it will depend on the nature of such new tasks.

Third channel - limiting in-person interactions: In-person interactions between bureaucrats and

taxpayers may affect tax collection in opposite ways. In one way, they can collude to the

detriment of the government: taxpayers may reduce their effective liability in exchange for

paying the bureaucrat a share of the implied gain. In that case, in-person interactions reduce

tax revenue. Inversely, tax officials may also force taxpayers to pay more than they owe to the

state in order to meet their own tax revenue target. Suggestive evidence for both channels has

been found by Okunogbe and Pouliquen, 2022. However, in the context of this study, given that

treated taxpayers are very large, we expect the bargaining power to be in their favour when

interacting in person with a tax official. Hence the ex-ante prevalence of overpayments should

not be empirically relevant here, and we expect the adoption of Etax to increase tax payment

conditional on ex-ante collusion.
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4. Data and Empirical Strategy

4.1. Data

We compile four datasets, all generated by the tax administration as part of its routine operations.

In addition to the source specific information listed below, each declaration/payment comes

with an identification number, the name of the centre it was recorded by, and whether it was

processed through Etax or not. We use this information to identify taxpayers’ fiscal centre and

trace their effective use of the e-filing and e-payment.

- Value-added tax (VAT): monthly, taxpayer level, includes information on total sales, VAT

due and information used to compute the VAT due.

- Withholding taxes on employees (PAYE): monthly, taxpayer level, includes information

about the number of employees, total wage bill and total liability declared.

- Withholding taxes on informal service suppliers (WTS): monthly, taxpayers level, includes

information on the total amount spent in exchange for services from informal suppliers,

the total liability declared.

- Payment data: daily, transaction level, includes information on the amount paid, the

nature of the tax, the fiscal period it applies to, and the mode of payment (cash, check,

electronic, etc.).

Tax compliance encompasses multiple dimensions. For the taxpayers, it implies declaring true

and complete information on time, and paying all the taxes due on time. On the administrative

side, it implies accurately recording the information submitted by the taxpayers, computing the

correct liability and recovering the right amount of taxes. Considering this, the probability that a

declaration is recorded in the system captures the form of compliance that is easiest to measure.

Taxpayers have to declare even when their liability is null, so the absence of declaration implies
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either that the taxpayers did not declare, or—in the case of a paper format declaration—that

the administration did not digitise the declaration. Other forms of compliance are harder to

measure because they rely on information that can be subject to errors and manipulations.

Indeed, using only administrative data on tax declarations and payments, we cannot know

with certainty how much taxpayers ought to declare, nor whether and how much they ought

to pay. Nevertheless, if we assume that taxpayers prefer not to pay taxes (see section 3), any

observed increase in indicators implying that taxpayers (could) pay more taxes, is indicative of

improvement in tax compliance unless it stems from an increase in real activity or extortion by

tax officials (unlikely in our setting, see section 3).

We thus estimate our model on five main outcomes: a) the probability of declaring; b) the

liability declared; c) the probability of paying; d) the amount paid; e) the probability of a value

being missing. In the appendix, we also report graphical results on f) total liability declared,

outstanding liability and outstanding liability as a percentage of total liability. Each variable is

measured by aggregating information from the three monthly taxes listed above. We consider a

declaration has a missing value if a positive liability is associated with the declaration but at

least one variable that should be positive (e.g. total wage bill for PAYE) is missing or equal to 0.

4.2. Sample selection

For each of the three tax specific databases, we restrict to taxpayers who have declared and/or

paid at least once before January 2017 and beyond December 2019. We only keep taxpayers

that we know existed and were subject to the tax before and after this time window. Due to

missing declarations, this inevitably creates unbalanced panels. We ‘fill the gaps’ by adding

observations for every missing declaration between January 2017 and December 2019. For

these observations, all values are set to zero. Importantly, this implies that missing declarations

have no missing values: our definition of missing value is, by construction, conditional on

having declared. Next, we aggregate the three balanced panels at the taxpayer-month level.
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We cannot exploit data declared much before 2017 because a major update of the tax ad-

ministration’s IT system in late 2016 disrupted the continuity of tax identification numbers,

thus preventing us from identifying firms across the update. When studying the impact of

the introduction of Etax, we also prefer not to exploit data beyond 2019, as the COVID-19

pandemic spread to Senegal in early 2020, affecting taxpayers differently depending on whether

or not they had already adopted Etax before. Finally, we remove from the sample the 36 largest

taxpayers who adopted e-taxation during the pilot phase starting in late 2016.

We define the treated group as all firms that have consistently been monitored by the LTC during

the reference period. Figure 1 shows that first registrations and use took place in September

2017 and sharply increased afterwards. By January 2018, each month, 85 per cent of the

taxpayers were using e-filing, and almost 80 per cent of them were using e-payment. The

adoption took place quickly enough to allow for a credible impact evaluation, and by the end

of the period, the e-filing rate was close to 100 per cent and the e-payment rate around 90

per cent. As a control group, we use all firms monitored by tax centres in the region of Dakar

that did not adopt Etax - including MTC2 and RSC where a very small share of taxpayers did

adopt Etax during the second half of 2018, probably on a voluntary basis (Figure 1). 5 The

imperfect compliance with treatment is very minor and does not affect our results. For the sake

of brevity, we do not show the results obtained under a fuzzy design. After this preliminary

selection, the full sample consists of 5,559 taxpayers, 697 (12.5 per cent) of which are treated.

By construction, treated and control taxpayers are very different. The main variable which the

administration uses to allocate firms to the LTC is the turnover. To increase the comparability of

the sample, we restrict our control group to its largest 703 taxpayers (measured by average

pre-reform turnover). This generates our final dataset, with a total of 1,400 taxpayers.

5We exclude the MTC1 because adoption of Etax was progressive during 2018 and driven (at least partly) by
self-selection.
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4.3. Empirical strategy and estimation

Empirical strategy: We estimate the impact of e-taxation by comparing treated and control

taxpayers before and after the reform. Treatment adoption is defined at the centre level, so

the first treated period is the same across all taxpayers and, after this month, we consider

treated any taxpayer monitored by the LTC, irrespective of whether it actually uses e-taxation

technology. Our estimates thus capture the intention-to-treat impact of adopting e-taxation at

the centre level on its taxpayers. Given these initial specifications, and following Roth et al.,

2023 and Miller, 2023, we can estimate the impact of the reform using an event-study model

with this functional form:

yi t = α+
K
∑

k=1

β k · Leadk
it +

−2
∑

j=J

γ j · Lag j
i t +λt +δi + εi t (1)

The statistical unit is the taxpayer (i) at the month level (t), with J ≤ t ≤ −1, or 1 ≤ t ≤ K.

Variables Lag j
i t and Leadk

it are binary indicators equal to one for any observation from the

treatment group taking place j months before the adoption of Etax and k months after respectively.

Lead1
i t indicates the first treated month, while Lag−1

i t (the last untreated month) is omitted from

the equation 1 to serve as baseline. Each β k captures the impact of the reform exactly k-months

after its introduction compared to baseline (t = −1) and is equivalent to the β coefficient one

can retrieve by estimating a simple difference-in-differences model with only two periods, either

before treatment (t = −1) or after (t = k). The coefficients γ j are similar but for the period

before the reform, and act as placebo tests. The coefficients δi and λt are individual and time

fixed-effects, and εi t is the unobserved error term.

Next, to summarise into one single coefficient the overall impact for the entire post-reform

period observed, we group all observations taking place after the reform and estimate the

following 2× 2 difference-in-differences model with fixed effects, where Treati t and Posti t are

indicators for being in the treated centre, and observed after the reform respectively.
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yi t = α+ β · Treati t · Posti t +λt +δi + εi t (2)

The underlying identification assumption requires that, absent the reform, outcomes yi t would

have evolved similarly in the treatment and the control group. We systematically show placebo

tests for our main outcome of interest on the pre-reform period and carefully discuss this issue

in the results section. Provided that no other shock happened at the same time differently

affecting treatment and control groups, this strategy allows us to attribute any notable changes

observed around late 2017 as resulting from the reform. We discuss in appendix A.1 potential

confounding factors related to staff reallocation.

Inference: Treatment takes place at the centre level. Accordingly, we should cluster our standard

errors at the centre level (MacKinnon, Nielsen, and Webb, 2023). However, given that we have

only ten centres (including the treated one), clustering at that level can produce implausibly

low standard errors leading to severe over-rejections. In our case, even wild bootstrap can (but

needs not) perform poorly (MacKinnon and Webb, 2018). Eventually, the best available method

to quantify the uncertainty around our estimates is to perform randomisation inference for

difference-in-differences as described and tested by MacKinnon and Webb, 2020. We use this

method as our benchmark and systematically test wild bootstrap for robustness. To do so, we

generate a distribution of our difference-in-differences estimators by repeatedly reassigning the

treatment indicator according to the original design −preserving the number of treated centres

(one) and the timing of treatment− and recomputing the estimates for each reassignment.

The p-value for a two-sided null hypothesis is then computed as the proportion of placebo

estimates whose absolute value is at least as large as that of the observed estimate, yielding

exact, finite-sample inference that does not rely on asymptotic approximations.
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5. Results

Our main results are displayed in Table 1 and Figures 2, 3 and 4. Following the recent econo-

metric literature, we use randomisation inference as our main benchmark test for inference.

We run both two-sided and one-sided significance tests and explicitly stress when one-sided is

significant but against the hypothesis made in section 3. Yet, with only 10 clusters, the smallest

possible p-value we may obtain with a randomisation inference test is 10 per cent, hence our

design has arguably low power. In our discussion, we therefore also take stock of additional

evidence on the dynamics of the treatment impact under wild bootstrap inference tests (Figure

2, 3 and 4) and raw trends (Figure A.2).

Our results suggest that the reform had a negative impact of about 2 percentage points on the

probability of declaring during the first one or two months of the transition (September and

October 2017). This is consistent with a fixed cost for both taxpayers and administrators to

adapt to the new process. Estimates become positive soon after but not significantly different

from zero (under neither randomisation inference nor wild bootstrap). However, the spread

gradually increases over time, and by the very end of the period the probability of declaring

is significantly larger (by 3 percentage points) for the treatment group under wild bootstrap

and one-sided randomisation inference. Our results on the probability of declaring a positive

liability follow a very similar trend (Figure A.3), but average liability declared did not increase

nor decrease (Figure A.3). Such results are consistent with the expected impact described in

section 3 according to which e-filing should allow tax officials to more easily detect missing

declarations, or key information in declarations (e.g. positive liability) and thus rapidly enforce

better reporting. However, given that we observe no rapid increase right after the introduction

of e-filing, we cannot rule out that our estimates are biased by difference in cycles; the further

we get from the month of the reform, the less plausible our parallel trends assumption becomes.

Next, we turn to the analysis of tax payments. The probability of paying some amount seemed
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to have decreased during the first year by about 4 percentage points. Monthly results are

significant at the 5 per cent level under wild bootstrap method during that first year, but only

inconsistently at the 10 per cent level for a one-sided test under randomisation inference.

In 2019, the effect vanishes. This one-year negative effect is unexpected. Section 3 would,

if anything, imply that the probability of paying would increase. One interpretation could

be that some taxpayers momentarily resist the adoption of e-payment for fear of stronger

enforcement later. Online payments indeed require taxpayers to share their bank identity with

the administration, who can then use it to more easily activate a legal procedure forcing banks to

remit any outstanding liability owed by a given taxpayer −provided there is sufficient provision

in the account. Unfortunately, this is only speculative.

We find very limited results on average payment. The monthly estimates are positive (except

for one month), and always significant at the 10 per cent level for one-sided tests under

randomisation inference. Yet, they are significant at the 5 per cent level under wild bootstrap

only in November and/or December (5 out of 26 post-treatment months). This pattern reflects a

seasonal variation that should be interpreted with care. First, we do not observe these months in

the pre-period −and therefore discard them in specification (4) of Table 1. Moreover, they could

be the result of a confounding factor. Indeed, by the end of the year, the tax administration

gets closer to its final performance results, which it has to report to the Ministry of Finance

that evaluates it accordingly. November and December are typically months during which

enforcement might increase if the administration is below its target, and tightening rules at the

LTC specifically (rather than in all centres) may be an efficient strategic response, given the size

of the taxpayers it monitors. Last and most importantly, we find aggregate evidence suggesting

that the introduction of e-payment could have actually reduced the share of payments that

were processed completely outside the information system. Although the practice is regarded

as highly risky and allowed only in exceptional circumstances, it is still possible to process

payment ‘manually’, that is without recording it into the information system. In that case, the

taxpayers receive a paper proof of payment, and the administration records the transaction
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in an invoicing book. Paper-based payments are then added to digitised payments (including

e-payment) when computing total tax collected. In Figure 3 (lowest panel, right), we plot the

raw and smoothed difference between general accounting totals and aggregated micro data

on payments, as a percentage of the former. We can make this comparison for PAYE data only.

Despite monthly fluctuations, we observe a drop in the average residual share of payments

that are not included in our micro data as online payment gets introduced. The volume of

non-digitised payments is not trivial: in 2017, it was equal to USD 1,876,551 on average per

month (excluding November and December). Given the estimate of column (4) in Table 1 and

the number of treated firms, the volume of non-digitised PAYE payments alone could already

account for a third of the average impact on payment, even though it does not account for

non-digitised payment of VAT and WTS. Overall, our results show that the introduction of

e-payment did not lead to a clear increase in average tax paid, but probably had a positive

impact on the share of digitised payments. Combining information on liability declared and

recorded payments, we also show that the introduction of e-taxation had no significant impact

on average (positive) outstanding liability nor on average outstanding liability as a share of

total liability (Figure A.3).

Finally, and in contrast with the above results, we find a sharp, large and persistent negative

impact on the prevalence of missing values. The probability of a value being missing decreases

by 7 percentage points (not shown here for brevity). Investigating exactly which values are

not missing any more, we find that information from the PAYE declarations drives the results.

In particular, the share of missing values in the field ‘number of employees’ drops by about 6

percentage points (Figure 4 and Table 1). The trends in Figure A.2 are consistent with what we

would expect: missing values drop in the treated group and remain stable in the control group.

Relative to pre-reform level, this represents a 90 per cent decrease. Beyond the short transition

period following the reform, the month-specific coefficients are very stable and consistently

significant at the 10 per cent level under one-sided test with randomisation inference, and at

the 5 per cent level for two-sided tests under bootstrap method.
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In light of this result, our interpretation is that the drop in missing values derives from the

elimination of omissions made by data-entry agents. Values are mostly missing for fields that

data-entry agents did not have to fill to validate a given declaration as long as they entered

some value for the field ‘tax liability’. As tax payments can still be processed as long as there is

information about the tax liability, some level of tolerance for missing secondary information

may have been granted to accelerate data-entry. Online declaration therefore increases data

quality.6 The implications of the increase in data quality are not trivial. Indeed, consistent

with the sharp drop in missing value for the ‘number of employees’, the average number of

employees observed sharply increases by 40 (see Table 1 and Figure 4). As for missing values,

this result is very stable and significant throughout the period. This represents a 33 per cent

rise relative to the baseline value in our treatment group. It is large and sudden enough for

it to be salient even when plotting the monthly aggregate number of employees declared by

all tax-registered firms in Senegal from 2014 to 2021 (Figure 4, lowest panel). In fact, the

average increase we estimate from our sample of treated firms can account for two-thirds of the

historic 30 per cent growth we observe in total formal employment between September and

December 2017. In other words, due to missing values, total formal employment according to

administrative data was underestimated by at least 20 per cent.

6. Conclusion

This paper studies the causal effects of mandatory electronic filing and payment on tax com-

pliance among large taxpayers in Senegal. Exploiting the introduction of this technology in

mid-2017 and using high-frequency administrative data in a dynamic difference-in-differences

framework, we examine impacts on declaration behaviour, payments, and data quality.

6Incidentally, these results imply that any average impact whose measurement depends on information present
in the declaration may become harder to interpret as there are now two sources of compositional effects: the
composition of those who declare, and, conditional on declaring, that of those who do not have missing values.
This is the reason why we do not include here impacts related to tax bases or tax rates.
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The reform generated short-run transition costs: declaration rates temporarily declined im-

mediately after implementation. Beyond this adjustment period, we find no robust evidence

that e-filing or e-payment increased the probability of declaring, the liability declared, the

probability of paying, or the average amount paid in the short to medium run. Any observed

increase in tax payments among treated firms appears largely driven by improvements in the

recording of transactions rather than changes in underlying compliance. However, the adoption

of e-filing sharply and persistently reduced the prevalence of missing values in tax declarations.

This effect reflects a change in the data production process—specifically, the elimination of

omissions introduced during manual data-entry—rather than behavioural responses by tax-

payers. These improvements have large measurement consequences. The transition to e-filing

mechanically increased reported employment among treated firms, accounting for a sizeable

share of the observed rise in aggregate formal employment after 2017. We show that missing

information in pre-reform administrative data was leading to a substantial underestimation of

formal employment.

This research contributes to the limited literature on the role of e-filing and e-payment tech-

nologies in low-income countries, offering nuanced insights into their effects on tax compliance.

Overall, our results indicate that the introduction of digital tax filing and payment systems

had limited effects on compliance outcomes for large taxpayers over the period studied, but

fundamentally altered the quality of administrative data.
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Figure 1 – Adoption of Etax - Monthly share of effective users
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Notes. The figure displays the share of taxpayers that effectively use Etax each month, either through
e-filing or e-payment, within each group. The sample here is the sample we use for all our main estimations,
with 697 treated taxpayers and 703 taxpayers in the control group.
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Figure 2 – Impact on declaration
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Notes: The upper panel plots the month specific distribution of β k coefficients we estimate with equation 1, by

assigning the treatment status to each of the different tax unit (i.e. clusters) in our sample. We highlight in red the

coefficients retrieved when the tax unit assigned to treatment is the actually treated one (i.e. Large Taxpayers

Unit), while green estimates are placebos specifications. The lower panel plots event study estimates of 1 with 95

per cent interval derived with wild bootstrap method.
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Figure 3 – Impact on tax payments
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Notes: The upper panel plots the month specific distribution of βk coefficients we estimate with equation 1, by assigning the treatment status to

each of the different tax unit (i.e. clusters) in our sample. We highlight in red the coefficients retrieved when the tax unit assigned to treatment

is the actually treated one (i.e. Large Taxpayers Unit), while green estimates are placebos specifications. The middle panel plots event study

estimates of 1 with 95 per cent interval derived with wild bootstrap method clustering at the tax unit level. In the lowest panel, the left figure

plots the monthly evolution of aggregate payments based on the universe of digitised payment data. The last figure displays the raw and

smoothed evolution of the difference between total PAYE payments recorded in the aggregate general accounts and the total PAYE payment

recorded in the digitised micro data, as a share of the first term. The PAYE tax is the only tax for which this comparison can be made.
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Figure 4 – Impact on missing values and their measurement implications
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tion of β k coefficients we estimate with equation 1, by
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unit (i.e. clusters) in our sample. We highlight in red the

coefficients retrieved when the tax unit assigned to treat-

ment is the actually treated one (i.e. Large Taxpayers

Unit), while green estimates are placebos specifications.

The middle panel plots event study estimates of equation

1 with 95 per cent interval derived from wild bootstrap

method clustering at the tax unit level. The last figure
plots aggregate trends for the number of employees, es-

timated by summing information declared by employers

who remit the PAYE −we leave as missing the months

for which too few declarations were digitised.
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Table 1 – Synthetic Results

Statistics Declares Liability Pays Tax The number Number of
declared paid of employees employees

is missing
(binary) (cont.) (binary) (cont.) (binary) (cont.)

(1) (2) (3) (4) (5) (6)

β 0.02 -1907.45 -0.01 6186.11 -0.06 41.01

two-sided Random Inf. 0.60 0.50 0.80 0.20 0.30 0.10
p-value Wild Boot. 0.10 0.17 0.32 0.13 0.12 0.07

one-sided Random Inf. 0.30 0.70 0.10 0.10 0.10 0.10
p-value Wild Boot. 0.05 0.91 0.16 0.07 0.07 0.04

Firm f-e Y Y Y Y Y Y
Time f-e Y Y Y Y Y Y

# tax units 10 10 10 10 10 10
# firms 1,400 1,400 1,400 1,400 1,400 1,400
N 46,200 46,200 42,000 42,000 46,200 46,200

Notes. This table presents estimation results of equation 2 for all our main outcomes. The first line displays the
coefficients we obtain for the (Treat X Post) variable and measures the impact for the full post-treatment period.
The subsequent lines compare the p-values we obtain under different test options: randomisation inference (our
benchmark as advocated in MacKinnon and Webb, 2020) and wild bootstrap (9,999 replications and a correction for
small number of clusters). By design, with only 10 clusters, the smallest p-value we can obtain with randomisation
inference is 10 per cent. Specifications (2) and (4) set the first month of treatment as November 2017 when
firms start adopting online payment, while other specification set the first month of treatment as September 2017,
the start of online filing. We remove the months of November and December under specification (3) and (4) as
discussed in section 5.
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A. Appendix

A.1. On the potential reallocation of administrative staff

In anticipation of the reform, or as an immediate response to it, it is possible that the tax

administration decided to relocate staff across treatment and control groups. This may have

been a natural strategy considering that online services are adopted at least partly to save the

administration the cost of processing papers. In that regard, the staff occupied with digitising

and classifying declarations ex-ante at the LTC may have been relocated to other (control)

centres. Movements in the other direction would also have been possible, whereby high-skilled

staff were relocated from control centres to the LTC. In either case, this could represent a threat

to our identification strategy.

Compiling data on the yearly evolution of the distribution of all civil servants working at the

tax administration, we show that none of these changes have occurred. Table A.1 shows that

changes between 2017 and 2018 in the number of civil servants allocated to the treatment

centre were very marginal: +2 among civil servants of rank A (highest qualification), -1 for

rank B, +1 for rank C and no change for the lowest rank D. Simultaneously, changes observed

for civil servants allocated to centres of the control group mostly affected the most qualified

sub-group: +13 and +19 for ranks A and B respectively (i.e. 20 and 12 per cent increase

respectively), while rank C and D civil servants remain virtually constant. Centres from the

control group received 13 (i.e. 70 per cent) of the 19 newly recruited rank A civil servants.

Overall, we observe that changes in the staffing structure have been minor and are unlikely to

drive our results. If anything, we would only expect the increase in rank A civil servants among

centres in the control group to make our estimates slightly downward biased.

26



Table A.1 – Number of Civil Servants by treatment status and qualification - 2016-2022

2016 2017 2018 2019 2020 2021 2022
N. N. % change N. % change N. % change N. % change N. % change N. % change

A) Treatment center (LTU) A 34 34 0 36 5.8 34 -5.5 35 2.9 29 -17.1 30 3.4
B 28 31 10.7 30 -3.2 29 -3.3 29 0 37 27.5 38 2.7
C 13 13 0 14 7.6 14 0 14 0 13 -7.1 13 0
D 4 4 0 4 0 3 -25 3 0 2 -33.3 0 -100
Total 79 82 3.7 84 2.4 80 -4.7 81 1.2 81 0 81 0

B) Control centers A 67 66 -1.4 79 19.7 94 18.9 92 -2.1 97 5.4 96 -1.0
B 167 165 -1.2 184 11.5 193 4.8 193 0 216 11.9 216 0
C 241 253 4.9 252 -0.4 249 -1.1 249 0 266 6.8 257 -3.3
D 33 37 12.1 35 -5.4 33 -5.7 33 0 35 6.0 35 0
Total 508 521 2.5 550 5.5 569 3.4 567 -0.3 614 8.2 604 -1.6

C) Other centers/departments A 159 148 -6.9 152 2.7 168 10.5 169 0.6 187 10.6 195 4.2
B 218 220 0.9 211 -4.0 220 4.2 220 0 218 -0.9 218 0
C 166 169 1.8 169 0 170 0.5 170 0 187 10 190 1.6
D 71 69 -2.8 65 -5.8 70 7.6 70 0 61 -12.8 61 0
Total 614 606 -1.2 597 -1.4 628 5.1 629 0.1 653 3.8 664 1.6

D) All A 260 248 -4.6 267 7.6 296 10.8 296 0 313 5.7 321 2.5
B 413 416 0.7 425 2.1 442 4 442 0 471 6.5 472 0.2
C 420 435 3.5 435 0 433 -0.4 433 0 466 7.6 460 -1.2
D 108 110 1.8 104 -5.4 106 1.9 106 0 98 -7.5 96 -2.0
Total 1201 1209 0.6 1231 1.8 1277 3.7 1277 0 1348 5.5 1349 0.0

Notes. This table displays the number of civil servants - by qualification - allocated to each quasi-experimental group and its evolution since 2016. Panel (A) consists of civil servants allocated to the Large Taxpayers Centre (the treated centre in our main

specification); panel (B) consists of civil servants affected to centres which are included in our control group (all centres of Dakar, excluding MTC1); panel (C) gathers all other civil servants - this includes regional centres as well as all staff working at

function-specific centralised departments such as the IT, legislation, human resources. Finally panel (D) is the sum of (A),(B) and (C).
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A.2. On synthetic control

In the specific case of this paper, using the synthetic control method at the tax centre level is not

a more appropriate option for inference than the event study we implement in combination with

randomisation inference or bootstrap. Indeed, for most outcomes, the average levels before the

reform in the treated centre are higher than in any of the control centres, therefore the treated

unit cannot be recovered using a convex combination of the control units. In that regard, the

difference-in-differences method better allows us to cancel out level discrepancies in pre-trend

levels. We illustrate this for our main result in Figure A.1.
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Figure A.1 – Comparing Event-Study with Synthetic Control Method
“Probability for the ‘number of employees’ to be missing”
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Notes: The first and last sub-figures reproduce Figures A.2.E and 4 (middle panel, left). This allows the reader to graphically compare

those results with the ones obtained with synthetic control method. Panel B) compares treated and (simple) synthetic method (using only

pre-treatment outcome values as predictors). Panel C) does the same but on the residuals obtained after having removed firms’ fixed-effect.

Panel D) takes the difference relative to the value in t = −1 and Panel E) displays the gap between “Treated” and “Synthetic Control” of

panel D). We observe that simple synthetic control method does a poor job at matching pre-trends. However, our event study results are very

consistent in magnitude and trends with a synthetic difference-in-differences method on residuals.
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A.3. Additional Figures and Tables
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Figure A.2 – Raw trends
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Notes: This figure displays raw trends for our six main outcomes. Treatment start (t = 0) is November 2017 for

outcomes measured with information derived from payment data (C and D), and September 2017 for outcomes

measured with information derived from tax declarations (A, B, E and F).
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Figure A.3 – Additional results on (positive) outstanding liability
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Notes: This figure displays raw trends and event study estimates (β k coefficients of equation 1) for the additional

outcome variables combining both declarative and payment data. Outstanding liability is the positive difference

between total tax liability (VAT, PAYE and WTS − see section 4). We restrict to positive values only as, because of

the possibility for some declarations to be missing, negative values can be misleading. Treatment start (t = 0)

is September 2017. The grey area highlights the transition period −4 months as we use both declarative and

payment data. Standard errors are clustered at the tax centre level using wild bootstrap method.
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